In this paper, an optimal controller for the longitudinal channel of an autonomous helicopter model is designed by blending together two artificial intelligence techniques, genetic algorithms and fuzzy control. An evaluation index that captures the complex, constrained, multiple objective character of the problem was built based on several design requirements expressed in terms of the time response of the controlled system. The parameters of the fuzzy controller are optimized to maximize the evaluation index using a genetic algorithm. The parameters subject to optimization are: the shape and width of the membership functions, number of linguistic values, defuzzification method and scaling factors. The genetic algorithm is based on binary genetic representation, a roulette wheel selection technique with elitist selection strategy and classic genetic operators: mutation and crossover. The performance of the resulting optimal controller is compared with performance obtained with standard design. Observations are made regarding influences of fuzzy controller parameters on the general performance of the controlled system.
INTRODUCTION
The theory of fuzzy sets 1,2 becomes a useful instrument for the control engineer as the complexity of the system increases and the ability to understand and predict its behavior in a precise and yet significant manner diminishes. Tuning and optimizing a fuzzy controller is a difficult and time consuming task due to the lack of standard procedures.
Genetic algorithms 3, 4 (GAs) are parameter search techniques that rely on analogies to natural biological processes. Being global and robust, they Copyright © 1999 by the American Institute of Aeronautics and Astronautics, Inc. All rights reserved. * Senior researcher, Ph.D., AIAA Member have been lately used to solve complex optimization problems in aerospace engineering.
Attempts to blend the two AI techniques have been made in the process of solving problems like fuzzy system identification based on input-output data 5, 6, 7 and fuzzy controller parameters tunning 8, 9 . The purpose of this paper is to put together these two artificial intelligence techniques to design an optimal fuzzy controller for the longitudinal channel of an autonomous helicopter model and to investigate influences of fuzzy controller parameters on the vehicle global performance. Several design requirements were formulated based on the time response of the controlled system and an evaluation index was built that captures the complex, constrained, multiple objective character of the problem.
The parameters of the fuzzy controller to be optimized are: the shape and width of the membership functions, number of linguistic values, defuzzification method and scaling factors.
A GA is implemented using a binary genetic representation, a roulette wheel elitist selection technique and two classic genetic operators: mutation and crossover.
Influences of various parameters of the fuzzy controller on global performance are assessed. The performance of the resulting optimal fuzzy controller is compared with performance obtained with a conventional design.
HELICOPTER MODEL
The aircraft is a 35 lb. X-CELL model helicopter of conventional configuration: two-bladed, clockwise rotating main rotor and tail rotor. It features a Hiller control rotor providing pitch and roll rate lagged feedback as well as translational velocity feedback 10 .
Only the decoupled dynamics in the vertical plane of symmetry are considered in this paper.
Stability and control matrices are computed using the formulae recommended by Prouty 11 . The longitudinal channel dynamics are described in linear approximation by the following system in state space form:
where the state variables are, in order: longitudinal and vertical components of the velocity, pitch rate, pitch attitude angle, flapping angle of the control rotor. The control is longitudinal cyclic.
Pitch rate and pitch angle feedback loops are considered, as well as a first order compensator to convert acceleration commands to pitch attitude commands 10 .
FUZZY CONTROLLER

Control Problem Formulation
The command to the controlled system is the desired longitudinal position of the vehicle center of gravity. A PD controller is assumed, therefore position error and velocity are evaluated and used to generate the input to the plant (Figure 1 ).
Due to the nature and goals of the mission that the autonomous airvehicle has to accomplish, a number of design requirements where established, based on step time response: 1. reduced overshoot -good obstacle avoidance characteristics; 2. reduced settling time -quick response, reduced oscillation; 3. reduced time constant -quick response; 4. smooth position response in the initial transient domain, no zero or negative velocity regions; 5. limited maximum peak in the position response to wind gust -good wind disturbance rejection; 6. reduced settling time in the position response to wind gust -good wind disturbance rejection.
Parameters of the Fuzzy Controller Subject to Optimization
Membership function shape. The following symmetric shapes of the membership functions have been considered: trapezoidal (Figure 2 The cosine-shaped membership function is defined as:
The bell-shaped membership function is defined as 1 : 
Scaling factors. The usual procedure of normalizing the input and denormalizing the output by means of scaling factors is not used here. The membership functions for the inputs and output of the fuzzy controller are defined on their physical domain. The position ( px k ) and the velocity ( dx k ) scaling factors play the role of mapping the domain of the inputs onto the domain of the output according to equation (6) .
Number of linguistic values. 3, 5, 7 and 9 linguistic values (LV) have been considered. For the 9 LV case they are: extremely large negative (ELN), very large negative (VLN), large negative (LN), negative (N), zero (O), positive (P), large positive (LP), very large positive (VLP), extremely large positive (ELP). All other cases are included in this list. The rule base is presented in Figure 5 . The rules are expressed in the conventional form: "if position error is <linguistic value> and velocity is <linguistic value> then the command is <linguistic value>".
Let the number of linguistic values, and hence the number of membership functions, be l n . Therefore there will be, for every value of the position error and velocity, an l n -dimensional vector of membership values ( p M and d M respectively). There will also be l n x l n rules. Firing these rules will generate a set of clipped fuzzy sets describing the output. The heights of these fuzzy sets are the elements of matrix D which is mapped onto the rule base presented in Figure 5 . As shown, the output will be described by a l n x l n number of clipped fuzzy sets (some of them may be empty). The defuzzification method will convert these sets to a crisp value of the output 
Note that parameters in the definitions (7) to (13) Table 1 .
Initial Population. Initial population has 30 individuals. Population size is constant throughout the process. The initialization technique used is random binary initialization.
Evaluation Function. The parameters associated with the 6 design requirements listed above are computed for each individual and a performance measure is assigned to each of the requirements based on third order polynomials 12 . The set of 6 performance measures form the performance vector PV. If any of the performance measures exceeds certain limits then the acceptance index l is set to zero and the configuration is penalized by a factor d l (see equation. 7). The performance vector PV is multiplied by the weighting vector W. The evaluation function EF has the expression: 7). The total fitness of the population and the probability of a selection for each individual are given, respectively, by:
The cumulative probability for each individual is:
Each time an individual for a new generation is selected a random number r is generated in the range [0, 1]. If 1 q r < then select the first individual, otherwise select the i-th individual such that i q r 1 i q ≤ < − . The best individuals get more copies in the new generation and the worst are eliminated. Elitist selection strategy will ensure that the best individual survives unaltered into the new generation. This procedure reduces variability and is useful for parameter fine-tuning. Genetic Alteration. Once a new population is selected binary crossover and mutation are applied randomly. The crossover operation consists of splitting two chromosomes in two parts at the same randomly determined crossover point and then building up two new chromosomes by combining the first part of one chromosome with the second part of the other one. The probability that an individual undergoes crossover is the crossover rate. Mutation alters a gene, a position in the binary string with a probability equal to the mutation rate. The alteration consists of changing 0 to 1 or vice versa.
The crossover rate and the mutation rate that have been used in this application are 0.50 and 0.03 respectively (see Table 1 ).
Convergence Criterion. Iterations stop if the performance index of the best individual is 1 and the best individual remains unaltered for the next two generations, provided the generation number does not exceed 25.
RESULTS
A limited number of 20 runs, up to a maximum of 25 generations each, has been performed aimed at optimizing the fuzzy controller using the genetic algorithm described in §4. A classically configured controller, with velocity and position feedback loops, has been designed using a genetic algorithm with similar performance index and similar parameters except ranges and the population size, which was 50. This design provides a comparison basis. The value of its performance index is 0.96.
Convergence occurred in all cases. The average generation number at which convergence occurs is 14, which is considerably lower than for the classically configured controller. Step time responses of the standard controller and the average fuzzy controller are quite similar (see Figure 7) but the later provides better wind disturbance rejection (Figure 8) .
Only the trapezoidal and the cosine shaped membership functions were present among the best solutions (in 70% and 30% of the cases, respectively). This parameter can have an important impact on the performance of the controller. For the average solution, the change of the shape from trapezoidal to cosine will make the velocity response in the transient domain unacceptable.
Increasing the width of the position membership function will degrade the velocity response in the transient domain. A similar effect is obtained by decreasing the width of the velocity membership function. Decreasing the width of the position membership function or increasing the width of the velocity membership function will amplify overshoot and settling time until unstable oscillations occur. These trends are illustrated in Figures 9 and 11 for variations of % 20 ± of the width parameters. All these modifications will degrade significantly the response of the attitude angle as can be seen in Figures 10 and 12 .
Only two of the defuzzification methods considered here are present in the set of optimal solutions: the Center-of Sums method and the Height method version associated with the peak value. Apparently, the failure of all the other methods is due to the fact that the widths of the membership functions are much larger than the position error and velocity commonly associated with the input used.
Increasing the position scaling factor will degrade the velocity transient response while decreasing the same parameter will increase overshoot and settling time. Same effects are recorded following variations of the velocity scaling factor. These effects are illustrated in Figures 13 and 15 for multiplicative factors of 1/3 and 3, respectively. Such variations of the scaling factors will induce undesirable oscillations of the pitch attitude angle (Figures 14 and 16 ).
All these trends have been recorded for the average solution as well as for three other different solutions that reach maximum performance index.
CONCLUSIONS
A fuzzy controller for the longitudinal channel of an autonomous helicopter is optimized via genetic algorithm in an attempt to improve performance of the controlled vehicle and to assess impact of various fuzzy controller parameters on the global design.
The optimized fuzzy controller achieves a higher performance index than the standard controller. While the position step response is quite similar, the wind disturbance rejection of the fuzzy controller is better.
Computational time per individual for the GA applied to the fuzzy controller is longer than for the standard controller but the procedure converges faster, less generations are necessary.
Results suggest that both the shape of the membership functions and the defuzzification method have an important impact on the design. Trapezoidal and cosine shaped membership functions are better for this problem. The best defuzzification methods are the Center-of Sums method and the Height method version associated with the peak value.
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